Whereas most prior research on the learning curve has focused on improvements in efficiency, this paper deals with the impact of learning on product quality. The key data are measures of automobile reliability published in Consumer Reports. Analysis yields three findings: (1) Quality improves over the production life of a car model with the same kind of regularity as an efficiency learning curve. Thus, there is a quality learning curve.
The fact that people get better at doing things as they gain experience, but at a decreasing rate, is captured in what is often called a learning curve. This type of improvement has been well documented at many different levels of analysis: for individuals (Mazur and Hastie 1978) , small groups (Leavitt 1951) , work shifts within a factory (Epple et al. 1991) , entire factories (Argote et al. 1990 ), multifactory organizations (Irwin and Klenow 1993) , and industries (Udayagiri and Balakrishnan 1993 ). Yet despite the long history of research on organization-based learning curves going back at least to Wright (1936) , the phenomenon's theoretical underpinnings have remained murky (Kantor and Zangwill 1991) .
The present study contributes to the effort to identify the factors underlying the learning curve-to show that the learning curve does not just ''happen'' (Adler and Clark 1991, Zangwill and Kantor 1998) . To help outline these theoretical underpinnings, it may be useful to review briefly the ''five W's' ' (who, what, where, when , and why) of organizational learning curves. This study suggests we need to rethink in particular the what and when of learning curves.
Who does the learning? Argote (1993) focuses on three broad categories: individual employees, organizational systems (e.g., coordination, technology), and actors in the organization's environment (e.g., suppliers, competitors). According to this classification, then, the ''learning'' underlying a learning curve is achieved by a combination of employees, organizational systems, and outside actors.
What is learned? In most learning curve studies, the measure that shows improvement is productivity, which is an important element of organizational effectiveness, but only one element. A key goal of this study is to extend the boundaries of the learning curve concept to test its applicability to another crucial element of performance, quality improvement. While some might assume that whatever research applies to productivity learning must also apply to all other aspects of organizational performance, such an assumption is questionable. After all, organizational performance itself is not a single coherent construct; rather, it is an ''umbrella'' construct that includes many distinct organizational goals (Hirsch and Levin 1999) . Thus, what we know about productivitybased learning may or may not carry over into the quality domain.
Where does the learning take place? In answering this question, researchers have emphasized the important role of cognitive factors, such as search algorithms (Muth 1986) , and of behavioral factors, such as engineering changes and training (Adler and Clark 1991) . More recently, Zangwill and Kantor (1998, p. 913) have proposed that learning and improvement, though often observed at the aggregate level, take place in ''numerous small activities [such as] entering sales data, billing, contacting clients, training, telephoning.'' When does organizational learning take place? This question has not been widely or systematically addressed by the literature. This study tries to fill this gap by extending the theoretical argument advanced by Zangwill and Kantor (1998) . Specifically, this paper argues that, when an organization's main learning processes for noticing and improving problems are a function of time rather than accumulated production experience, then the overall learning curve will be a function of time rather than cumulative experience. This argument, presented in more detail below, runs counter to the usual finding in the learning curve literature, where ''studies have found that calendar time becomes statistically insignificant once cumulative output is included in the analysis'' (Lieberman 1987, p. 442) .
This study will not only explore learning during the learning curve, but also any learning before the learning curve even begins. For many years it has been routinely recommended never to buy a new car model in its first year of production (Consumer Reports 1982, p. 11; Harbour and Associates 1990, p. 52) . This advice implies that quality-related learning proceeds faster during production than in the new car model design process. Consistent with the arguments of Tyre and Orlikowski (1994) , however, I find evidence that the opposite is true: namely, that managers typically make the largest quality improvements during certain ''windows of opportunity,'' and one of those key windows is the period before product introduction. This early knowledge determines the starting point of a product's eventual learning curve. The current study extends this idea of a window of opportunity by proposing that the larger the opportunity, the greater the amount of learning and improvement activities that can occur. For a car model's minor update or facelift every year (the learning curve), the improvement will be relatively small; for a major model change or all-new car model introduction, the learning will be larger.
Why does learning occur? Few researchers have asked this question because it is hard to imagine why people would not want to improve. As long as learning curve research focuses only on costs, researchers will only find instances in which the motivation to learn is present. Yet, while firms typically have a strong economic incentive to reduce their costs, they do not always have an incentive to improve product reliability. However, by the 1980s, U.S. automakers finally had a major strategic incentive in the form of Japanese competition. As one industry analyst noted, ''The decade [of the 1980s] started with product quality being the domestic industry's number one problem. It was a major reason why it was losing market share to Japanese imports at an alarming rate'' (Harbour and Associates, 1990 p. 142 ). The auto industry, then, should be an especially good context in which to find and examine learning curves for quality.
In sum, this study extends our understanding of learning curves in three main ways. First, it expands the what of learning curves beyond efficiency to include a new area, quality improvement. Second, in terms of when (and perhaps how) learning occurs, it provides evidence that at least some kinds of learning are time-based instead of experience-based. Third, by comparing the two times when learning can occur, this study shows that considerably more improvement occurs as a result of new product introduction than during any year of subsequent production (i.e., the learning curve).
Hypotheses
Quality improvement in the car industry arises out of two processes occurring at the product level. For a given car model at a given point in time, quality is a function of (1) improvement made during the car model's production life, and (2) the car model's initial baseline level of quality. Most learning curve research focuses on the first process (''the learning curve'' itself), but, especially in the car industry, the second process (new product development) is also important. I begin by investigating the learning curve itself, then step back to see the effects of new product introduction, and, finally, I compare the effects of each process. The first three hypotheses (H1-H3) address the rate of improvement for the learning curve: Does a learning curve for quality exist? If so, what form does it take? What factors influence it? Then, separate from these questions of what happens during the learning curve itself, Hypothesis 4 asks what happens during new product introduction, before the learning curve even starts: Is there improvement in the ''starting points'' of these learning curves? Finally, Hypothesis 5 compares these two types of learning-annual learning-curve improvements versus annual starting-point improvementsto see which has a greater impact.
Quality can be defined in many different ways (Garvin 1988) . The definition of quality used in this study is a product's reliability, measured by frequency-of-repair rates. While it is interesting to look at ''internal'' measures of quality, such as conformance to specifications, it is arguably even more interesting to take the customers' point of view and focus on their experience of quality. Improvements in quality, and more specifically auto repair rates, should take the form of a learning curve. After all, ''we might expect that when a car has been in production several years, management should have invested in identifying and solving most of the product's quality problems. In other words, there ought to be a learning curve'' (Cole 1990, p. 80) . We expect this quality improvement to take the shape of a learning curve for the same reason that we see a learning curve for productivity improvement: namely that, after a while, ''the easiest gains have already been made-the cream has been skimmed. New gains in product quality [then come] more slowly and appear to [get] more expensive'' (Cole 1990, p. 77) . The implication is that quality improvement in automobiles will show a learning curve for quality, as measured by repair rates.
HYPOTHESIS 1. The average car model improves in quality during its production life, but in decreasing increments.
Note that Hypothesis 1 (H1) leaves open the question of whether this quality-improvement learning curve is a function primarily of experience gained over time or as a result of cumulative production volume experience. Granted, these two possibilities are highly correlated, and their effects are not always so easy to tease apart (Adler 1990 ). Yet, from a theoretical perspective, this open question is an interesting one because it helps us to get at some of the underlying sources of organizational learning. In the well-documented domain of productivity-based learning curves, Argote (1993, p. 41 ) notes, ''empirical studies have demonstrated that calendar time is generally not a significant predictor of organizational learning [once one takes into account the role of] cumulative output at the particular group or organization.'' We might therefore expect a similar effect, in which cumulative experience (based on production volume) is more important than the ''mere'' passage of time, for quality as well. After all, the growing popularity in the manufacturing domain of continuous improvement and statistical process control as a means of improving quality in the auto industry suggests that cumulative production experience should be the driver of quality improvement.
HYPOTHESIS 2. Quality improvement during the average car model's production life is a function of cumulative production output.
There is, however, reason to question this expectation, for in the quality domain, one might expect differences in (1) how people notice problems of poor reliability and (2) how they solve such problems.
There is, by definition, a time lag between when a product is produced and when producers start to notice how reliable it is. That is, producers get less immediate feedback for reliability than they do for efficiency, or even for defects. Fortunately for automakers, it does not always take years to get feedback on product reliability. For example, they can get early warning signs from warranty claims, high-mileage vehicles like taxis and rental cars, and from performing their own endurance tests. However, this type of feedback does not depend especially on how many units of a given car model were made. Rather, it depends on how intensively, during a given period of time, people focus on gaining this knowledge.
The use of this feedback to solve problems of poor reliability may also be more a function of time than of production experience. The total quality management (TQM) movement has relied heavily on off-line improvement teams. These teams first identify the root causes of problems, then propose, design, test, and implement solutions to the most important root cause until it is corrected; then move on to the next most important source of problems. Indeed, this improvement cycle ''is the iterative learning loop at the heart of TQM'' (Sterman et al. 1997, p. 504) . As a consequence, learning in the quality domain is likely to come not so much from how many cars have gone down the assembly line, but from the intensity of ''off-line'' activities. And indeed, past studies of TQM have assumed that the form of improvement for quality improvement activities is largely a function of time (Schneiderman 1988 , Sterman et al. 1997 .
Given the importance of time-dependent qualityimprovement cycles for solving reliability problems, as well as the time lag for how these problems get noticed in the first place, a competing hypothesis to H2 would be:
HYPOTHESIS 2-ALT. Quality improvement during the average car model's production life is a function of time.
Learning in an organization can be a function not only of the organization's own internally generated knowledge, but also of knowledge transferred from the organization's environment (Argote 1993) . What are some likely sources of transferred knowledge that would enhance a car model's learning curve for quality? One likely source might be the makers of other, closely related car models. Prior research, after all, has found that knowledge transfer occurs within similar categories of nuclear power plants (Lester and McCabe 1993) , pharmaceutical research programs (Henderson and Cockburn 1996) , and semiconductors (Udayagiri and Balakrishnan 1993) . In the automobile industry, the opportunity to share similar information and technology could potentially occur among car models within the same product ''family,'' called a vehicle platform. Even car models from different product families often share technological processes, suppliers, and certain common parts like seatbelts. It is also easier to transfer knowledge across groups or organizations if they have a shared culture (Argote 1993) , so among car models in the same division or company, we might expect to see some knowledge transfer. Among U.S. automakers, too, there is a shared ''Detroit'' culture of sorts (Ingrassia and White 1994) , as well as some shared suppliers (Harbour and Associates 1990) .
Along these lines, several prior studies have investigated cumulative output-based knowledge transfer (also called ''spillovers''), where the cumulative production output of one group or organization benefits another (Argote 1993 , Darr et al. 1995 , Irwin and Klenow 1993 . Thus, it may be possible to detect production-based knowledge transfers in the quality domain from the following sources:
HYPOTHESIS 3. The average car model's quality improves as a function of the cumulative production output of its (a) platform, (b) division, (c) company, and (d) industry.
We should note an alternative view of these spillover effects: It is also possible that the external knowledge available to stimulate quality improvements accumulates in a manner more related to the passage of time; e.g., by reverse engineering a competitor's product, or by learning from a supplier's technological breakthrough, or by avoiding the mistakes of earlier projects within the firm. We might therefore imagine an H3-ALT, focusing on time. This process, however, is already captured by H2-ALT, because car models from the same platform typically debut at the same time and because U.S. automakers and their divisions began operations too many decades ago for any differences in founding dates to be meaningful in this context. Indeed, prior research (Argote 1993) has identified the passage of time (e.g., as in H2-ALT) with a generalized knowledge transfer, or ''march of progress.'' H2-ALT thus reflects, in a general way, the benefits to car model producers from others' knowledge of how to solve reliability problems.
So far we have focused on the rate of improvement for existing products; i.e., the learning curve. Over time, however, companies introduce new products with major-even dramatic-improvements already built in. Surely, then, no picture of quality improvement and learning in the auto industry is complete without considering the learning that takes place as a result of new product introductions, before a car model's learning curve even begins. For example, previous studies (Consumer Reports 1991, p. 248; Harbour and Associates 1990) have documented the fact that each of the Big Three U.S. automakers-Chrysler, Ford, and General Motors (GM)-made significant overall strides in improving quality during the 1980s. But, if we return to the ''five W's'' of learning curves, we must ask when this improvement takes place. That is, do these overall improvements come from (1) incremental improvements made to existing car models (the learning curve examined in H1-H3), or from (2) the introduction of all-new car models to replace poorquality ones? This second type of improvement affects the ''starting point,'' or baseline performance level, of the learning curve. The null hypothesis would be that, over time, all of an automaker's new car models, on average, have the same baseline quality level; i.e., a debuting car model must start from scratch, with no carryover of learning from previous car models and with no benefit from any newly created knowledge. In contrast, a ''march of progress'' view would suggest that it is likely that makers of debuting car models learn from the past. Moreover, in this view, the debut of a new model provides a window of opportunity (Tyre and Orlikowski 1994) for manufacturers to incorporate the very latest knowledge on design, materials, assembly, etc., because the usual constraints (e.g., the large costs in changing any production line technologies) are temporarily lifted when a new product line debuts.
HYPOTHESIS 4. The later a car model debuts, the better is its baseline quality level.
This hypothesis is tested in terms of time; i.e., it focuses on the year a car model debuts. (Note that it might also be interesting, as part of a future research study with the benefit of a longer time series, to test a comparable H4-ALT, based on cumulative production output, as well.) If H4 is supported, then we can say that there is at least some learning present before a new learning curve begins. But how does this new-and-improved starting point compare to the benefits of being at the end of a long learning curve? Is this ''debut-year'' learning enough to compensate for the lack of production experience? Prior research (e.g., Hayes and Clark 1986) tells us that the introduction of a new product into a repetitive manufacturing context can be highly disruptive, impairing efficiency and sometimes dramatically so. Such disruption is also likely to impair quality. This ''disruptive learning'' perspective would suggest that, even if the baseline quality improves, it will still take time before product quality reaches (and eventually surpasses) its previous level. After all, one could argue, any learning requires at least some ''unlearning,'' and so some disruptions are probably inevitable. This view is expressed in the old industry adage, ''Don't buy cars in their first year'' (Consumer Reports 1982, p. 11; Harbour and Associates 1990, p. 52 ). This saying is based on the premise that the learning that ultimately occurs during production will outweigh any reliability enhancements embedded in a brand-new product. By contrast with this adage and with the cases discussed by Hayes and Clark (1986) , Garvin (1988) , who investigated the defect rates of factories making room air conditioners, found that although defects did worsen for a day or so after the annual shutdown period, no effect was detectable in the quarterly data. That is, new models pick up the quality levels right where the older models leave off. According to this ''constant learning'' view, debut-year improvements and learning-curve improvements are equal, so that there is a constant rate of learning for automakers as they transition from older car models to newer ones.
A third alternative derives from a theoretical perspective we might call ''enhanced learning.'' This perspective suggests that debuting car models will benefit from some combination of the carryover from previous learning, minus a few minor disruptions, plus the exploitation of the larger window of opportunity provided by the debut. This last point implies that more extraordinary or exceptional learning will occur during product debuts, and have a greater effect, than the more incremental changes made during a product's production life (Lant and Mezias 1992, Tushman and Romanelli 1985) . Although the basic design of cars has not changed fundamentally during the past century, the introduction of a new product is nonetheless an important discontinuity in design, manufacturing, and sales. Thus, relative to day-to-day changes, or even to annual model changes, ''major'' model changes or debuts can indeed involve more ''radical'' rethinking. Assuming firms are motivated to improve quality, as U.S. automakers surely were in the 1980s, then it follows that the larger the opportunity to improve, the greater the learning and improvement will be. That is, although the window of opportunity to improve a car model during its production life occurs at least every year, these opportunities are relatively small in scope. Change too much and factory costs will rise; take too long to make changes while the assembly line is shut down, and lost product sales will mount. But the window of opportunity is much larger when a new product first debuts. So much is changing anyway that the marginal cost of making major quality improvements is likely to be relatively low. Furthermore, to minimize costs and disruptions, organizations may wait until the next new product is introduced to incorporate new manufacturing and product technologies that will enhance reliability. Thus, the large window of opportunity makes possible a greater improvement in product quality from the organizational learning embedded in new products.
So is this debut-year learning enough to compensate for the associated disruption? Figure 1 shows the three possible answers we have discussed. (Note that the vertical axis in Figure 1 is in logarithmic form, so the learning curves appear linear.) The final hypothesis, which is based on the ''enhanced learning'' perspective, frames the key test:
HYPOTHESIS 5. In any given year, car models with the latest debuts will have the best quality, despite having a shorter production life in which to make improvements.
Methods

Unit of Analysis
Unlike many learning curve studies that focus on a company or factory, the unit of analysis in this study is the car model, which may be built at multiple sites. One reason for this choice is that analyzing the data at the level of the product or product line allows better control for the many technological changes and innovations that occurred over the course of this study's time frame (Abernathy and Utterback 1978) . Moreover, the designers, managers, and assemblers associated with a single car model share both the same corporate and task environment. Hence, they make up a kind of organizational unit, regardless of how geographically spread out they may be. One drawback to this approach is that quite a number of car models in the 1980s were built at multiple plants, but the Consumer Reports data on car model quality, 1 used in this study, cannot be broken down by plant. Thus, there is unobserved variation in plant performance across sites building the same model. This study's sample includes all Big Three passenger car (not truck) models assembled exclusively in the United States and Canada. This group was chosen because North American carmakers formed an important and cohesive industry group facing, to one degree or another, a common set of competitive and quality problems in the 1980s (Harbour and Associates 1990, Ingrassia and White 1994) . Although every car model is redesigned slightly from year to year, the unit of analysis for this study is defined as the car model produced over the fourto thirteen-year period following a major overhaul. Because the difference between a major and a minor overhaul is not always obvious, and only sometimes coincides with a name change, the determination of a major redesign or introduction was done by coding the descriptions in Ward's Automotive Yearbook (1974) (1975) (1976) (1977) (1978) (1979) (1980) (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) of each year's car models. Typically, Ward's described major changes with interchangeable phrases like all-new or debuting or bowing. Coding was done separately by the author and an assistant blind to the hypotheses, with agreement in 93.9% of the cases (Cohen's kappa ‫ס‬ 0.75). Agreement increased to 100% after attempts by the two coders to reconcile their lists. Each car model has also been designated as belonging to a narrowly defined car platform, containing several ''sibling'' models, and to a broadly defined platform, containing several sets of siblings (''cousins''). For example, according to Ward's (1977 Ward's ( -1989 , in 1977 GM began building large rearwheel drive cars off of its (broadly defined) ''B/D'' platform. The narrowly defined ''B'' platform included several siblings-the Buick LeSabre, Chevrolet Caprice, Oldsmobile 88, and Pontiac. Their slightly larger cousins, built off of the ''D'' platform, were the Buick Electra, Cadillac, and Oldsmobile 98.
Outcome Variable
The repair rate data for this study come from the annual reader survey conducted by the nonprofit magazine, Consumer Reports, and include car models built from 1981 to 1989. In two separate sets of analyses, each designed to validate the other, this study takes these car models, built in the 1980s, and measures their repair record at two different milestones: during the third year of ownership and during the sixth year of ownership. This three-and six-year measurement lag is used to gauge the reliability of cars manufactured in each year of a car model's production life; i.e., for cars from a car model's debut year in production, from its second year in production, from its third year in production, etc.
One potential concern here is that measuring quality in the sixth year of ownership, or even in the third year of ownership, is too far removed from what took place in the factory. However, the median age of cars in operation in the United States was six or seven years throughout the 1980s, and more than 90% of the cars built between 1981 and 1989 were still in operation six years later (Ward's Automotive Yearbook 1996). Thus, six years seems a reasonably relevant and meaningful time frame for measuring a car's reliability. Furthermore, some quality problems, like rust, may not even appear on a car right away.
Another potential pitfall in measuring quality after so many years of ownership is the possibility that repair rates improved during this period because owners neglect their cars today less than they used to, so that their cars no longer need to be repaired as much. While it may be difficult to completely rule out the possibility of an overall reduction in owner neglect, there is some circumstantial evidence to contradict this alternative explanation. First, the initial quality (90 days after purchase) of Big Three cars improved throughout the 1980s (Harbour and Associates 1990), so it seems probable that their long-term reliability would improve as well, apart from anything owners did. Second, a trend of less owner neglect might imply that, all else equal, owners would become less likely to ''junk'' their cars after six years, but this did not occur (Ward's Automotive Yearbook 1996). In any event, this study's use of statistical controls and dummy variables may help to some extent in easing this concern. It may also be the case that customers' reporting of reliability problems has been affected by increasing customer expectations for quality. Nevertheless, if anything, this possible bias merely strengthens most of the study's results, because it should be harder, not easier, to detect improvement in customer-perceived quality over time if customer expectations of quality are rising. This study's repair ratings do, of course, have the same problems as other survey-based research, although with hundreds of thousands of respondents per year, sampling error is probably small. One potential limitation of this study is that the recollection of car owners about recent repairs may somehow be biased by the media or other outside influences in ways that would affect parameter estimates. Even if Consumer Reports survey respondents do not represent the general public, though, it seems reasonable to assume that any overall bias would affect the ratings of all North American car models about equally (Eberts and Eberts 1995, Ginter et al. 1987) . Moreover, the analyses for H1-H3 statistically control for repair rate differences across car models, including those due to owner neglect, by using a dummy variable in the regression analysis for each car model. The analysis for H4 and H5 also includes an effort to control for extraneous factors like owner neglect and differences in customer bases (see below).
This study also makes an effort to ensure year-to-year consistency in the data set. When the repair record of only one version (e.g., V6 or V8 engine) of a car model was published by Consumer Reports, then that rating has been used to represent the entire car model for that year. In those cases where the frequency-of-repair data in a given year were published for two or three versions of the same car model, this study uses a weighted average based on production volume. Any biases from aggregating by engine type should be lessened by the fact that this study has excluded all engine-related repairs (see below). For repair rates measured during the third year of ownership, this study's initial sample includes 317 observations of car models by year (1984) (1985) (1986) (1987) (1988) (1989) ; these data come from the Big Three firms, their nine divisions, and 76 car models. Unfortunately, Consumer Reports only began publishing repair rates in a format usable for this study in its 1987 issue; as a result, the earliest repair rates measured during the third year of ownership only go back as far as cars manufactured in 1984. For cars in their sixth year of ownership, though, the data set can begin with cars made in 1981. Thus, for repair rates measured during the sixth year of ownership, this study's sample includes 376 observations of 78 car models by year (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) .
Consumer Reports publishes frequency-of-repair data for more than a dozen ''trouble spots'' (e.g., fuel system, air conditioning) on a five-point scale, where each of the five rating categories corresponds to a percentage range. These ratings have been adjusted by Consumer Reports for mileage differences across models. For this study the frequency-of-repair ratings have been converted to the midpoint of the range indicated for each trouble spot. For the first four categories on the five-point scale, this method will lead to frequency-of-repair estimates that are somewhat imprecise, but not systematically biased in either direction (King et al. 1994) . However, for the fifth category (those cars with the worst repair rates in that year), Consumer Reports only indicates that the repair rate was above a particular percentage. Using a rule of thumb suggested by a source at Consumer Reports, an upper bound (15 percentage points above the industry average) has been placed on these ''Category 5'' data, and the midpoint of the resulting range used. The issue of whether or not this procedure can potentially lead to biased parameter estimates (i.e., a ''ceiling effect'') is addressed in more detail in the section on analysis techniques (see below).
Because this study will test the effects of time versus cumulative production output, and because most prior research has focused on cumulative output, a conservative test should use a measure of quality more closely related to cumulative output. Thus, I have selected reliability factors that relate as closely as possible to manufacturing in general and to assembly in particular (Krafcik 1988) , which are the primary subject of cumulative production output-based learning curve theory. In the data from Consumer Reports, at least four of the various trouble spots fit this description:
(1) Body rust, e.g., pitting, corrosion, and perforation; (2) Paint and exterior trim, e.g., fading, discoloring, chalking, peeling; (3) Body integrity, e.g., air or water leaks, wind noise, rattles and squeaks; (4) Body hardware, e.g., window, door, and seat mechanisms, locks, belts. Statistical analysis allows us to confirm that these trouble spots tap an underlying construct at the car model level of analysis. For the sample of repair rates measured during the third year of ownership, a factor analysis of these trouble spots indicates the presence of only one underlying factor, onto which all four items have factor loadings above 0.4. These four items also form a statistically reliable scale, with a Cronbach's alpha of 0.70. In addition, this four-item scale, computed as the average (Harman 1976) of the four repair rates, is relatively stable over time; i.e., it has a similar factor structure and statistical reliability for every year of the sample. For the sample of repair rates measured during the sixth year of ownership, however, the factor analyses do not always yield a one-factor solution with all four trouble spots, but consistently do so when the data on body hardware are dropped. Because this study's theory does not require the inclusion of the body hardware trouble spot, and a more valid and reliable measure can be constructed by deleting it, a three-item measure is used here instead for cars in their sixth year of ownership. All factor loadings are well above 0.4, and the three-item scale has a reliability of 0.75. This three-item scale, computed as the average of the three repair rates, is also stable over time in terms of both its factor structure and statistical reliability. To ensure comparability across the two data sets, most of the regression analyses were also conducted on a three-item repair measure for cars in their third year of ownership (Cronbach's alpha ‫ס‬ 0.66), with substantially similar results.
Predictor Variables
Data on production output and on market segments (subcompact, compact, intermediate, full-size, and luxury) come from Ward's Automotive Yearbook (1975 Yearbook ( -1989 . Because the repair rate data are reported by model year, which begins approximately every August, cumulative production volume is also computed based on model-year output. Platform designations are based on information reported in Ward's (1976 Ward's ( -1989 ; in a handful of cases, this information was supplemented or confirmed by checking Consumer Reports (1976 Reports ( -1989 and popularpress articles in LEXIS-NEXIS (1983 -1989 . Industrywide production is defined in this study as all United States and Canadian output produced by the Big Three.
The starting point used for division, company, and industry production output is 1975, a date which should be early enough to capture most cumulative production knowledge, since all of the car models in the sample did not even debut until 1976 or later. Furthermore, recent empirical work (Argote et al. 1990 , Darr et al. 1995 , Epple et al. 1991 , Henderson and Cockburn 1996 has found that production knowledge tends to depreciate; i.e., more recent production experience is more useful than earlier experience. So, because all of the Big Three have been making cars for many decades, it seems reasonable to assume that any pre-1975 learning that is carried forward into the 1980s will be modest and, in any case, largely common across the companies.
Analysis Techniques
This study uses panel data. The regression equations are based on ordinary least squares (OLS) with fixed effects, i.e., with a dummy variable included for each car model. This approach assumes that each car model has its own baseline level of quality-i.e., its own intercept, or starting point, on the learning curve-but has the same rate of learning as all other car models. Accounting for fixed effects, especially because these data consist of many short time series, is assumed to eliminate the major sources of autocorrelation and heteroscedasticity.
The traditional shape of the learning curve is y ‫ס‬ ax ‫מ‬b , where y is the outcome measure (repair rate) of a car model produced in a given year, a is a constant, x is that car model's cumulative output up through the previous year, and b is the slope of the learning curve. By taking the natural logarithm of both sides of this equation, it can be rewritten as ln ( y) ‫ס‬ ln (a) ‫מ‬ b ln (x). Typically, additional predictor variables are included in this second equation, already in log form. While researchers have also used other specifications for the learning curve, this functional form, the power curve, remains the most common and robust (Kantor and Zangwill 1991) . Note that when one includes dummy variables corresponding to each car model, the predictor variables in the regression equation are only able to explain the variation in repair rates within a car model.
The passage of time is also included in this study's statistical model. A preliminary analysis, using a subset of this study's sample, determined that the year of production was a critical predictor of improvements in repair rates. The functional form of this relationship, however, is difficult to predict from theory. The current study takes the somewhat novel approach of using the least restrictive method for incorporating a time trend: dummy variables are used for each year that a car model has been in production, up through the 13th year (the highest). Another advantage to using dummy variables for the year of production is that it helps rule out the alternative explanation that the industry's reduction in repair rates is not a learning curve at all, but just a sign that car models with bad repair rates are taken off the market, and that surviving car models have better quality than ones that exit the market. There is no evidence that the Big Three discontinue car models early because of poor repair rates (Cole 1990 ). Nevertheless, the dummy variables make it possible to examine year-to-year changes in repair rates even early on in the production life of the average car model before any car models start exiting the market. Note that because the cumulative output measures are computed using a one-year lag, there is no output to predict a car model's first-year repair rate; the reference category for the time trend dummy variables in the initial regression equations (Tables 2 and 3) is therefore the second year of production.
One pitfall to the procedure (described earlier) of placing an upper limit on repair rate data from Category 5 (on the five-point scale) is that it may lead to a ''ceiling effect'' and thereby bias the regression results (Kennedy 1985) . To the extent that this problem exists, it should be more pronounced for repair rates measured during the sixth year of ownership, when the least reliable cars may start to have repair rates that are not just bad, but truly awful-i.e., above the repair rate ''ceiling'' imposed on the data set. For example, in its sixth year of ownership, the 1989 Hyundai Sonata, although not included in this study's data set, was singled out by Consumer Reports (1995, p. 286) for having the worst repair rate for body hardware, 37%, well above that year's Category 5 range of 14.8% and above. Censoring models, such as TOBIT or PROBIT, are sometimes used to address this problem, but these statistical models are not designed for either fixed effects or the use of a multimeasure scale as the outcome variable. So instead, this study uses a procedure to test to see if including the Category 5 observations does in fact create a ceiling effect, i.e., make the regression slopes flatter. To do so, a dummy variable (''ceiling'') is created that corresponds to a Category 5 rating for any of the three or four trouble spots used to construct the overall repair rate measure for a given car model in a given year. An observation is thus assigned a zero for the ''ceiling'' variable only if the car model in question was able to score below a five on all the relevant trouble spots in that year. In contrast, observations ''tainted'' with at least one trouble-spot rating of five (on the five-point scale) are assigned a one for the ''ceiling'' variable. Unfortunately for U.S. carmakers, this latter group of observations is sizable: For repair rates measured during the third year of ownership, the ''ceiling'' observations (i.e., ceiling ‫ס‬ 1) make up 36% of the sample; for repair rates measured during the sixth year of ownership, they make up 42%. The ''ceiling'' dummy variable is then interacted with the relevant predictor variables. If the interaction effects are significant, then caution dictates limiting any generalizations of exactly how steep or flat the learning curve is only to certain car models; namely, those models not associated with the worst-possible repair rating in a given year.
Unlike the tests for learning curve parameters (H1-H3), the tests for differences in baseline repair rates by debut year (H4 and H5) do make comparisons across car models. In particular, to avoid any linear dependence among the predictor variables, the car model fixed effects have been replaced in Equation 11 with 13 control variables that correspond to the five market segments (subcompact, compact, intermediate, full-size, and luxury), the Big Three automakers (Chrysler, Ford, and GM), and the interaction terms among these variables (e.g., Ford*luxury). There are 13, not 15, controls because there is a reference category, and no Chrysler luxury cars are in the sample. If debut year, which ranges from 1976 to 1988, has a significantly negative regression coefficient in Equation 11, then H4 is supported. If it is indeed negative but significantly less so than the coefficient for year of production, then a ''disruptive learning'' perspective is supported; if it is significantly more negative than the coefficient for year of production, however, then an ''enhanced learning'' perspective (H5) is supported. Note that compared to the fixed effects model, however, these 13 control variables may not statistically control as well for all of the differences in repair rates across car models that might be due to extraneous factors. This omitted variable bias does not appear to be much of a problem because the coefficient for year of production seems fairly similar in Equation 9 and Equation 11. However, some people may still wish to consider this analysis suggestive. Table 1 shows the means, standard deviations, and simple correlations among the variables used in the regression equations in Table 2 . Because each of the paper's four tables of regression results (Tables 2-5 ) has a slightly different sample size, this paper, in the interests of parsimony, shows only the correlations corresponding to Table 2 . Although some of the variables are logarithmically transformed in the regression equations, they are shown in their untransformed (and more interpretable) state in Table 1 . Note that the simple (zero-order) correlations among the variables shown in Table 1 may seem a bit confusing, even misleading, because they lack the statistical controls used in the multiple regression equations below.
Results
H1: Learning Curve
The traditional learning curve equation, taking the natural log of both the left-hand and right-hand variables, is shown for repair rates measured during the third year of ownership (Table 2 ) and for repair rates measured during the sixth year of ownership (Table 3 ). There appears to be support for H1 in terms of cumulative production experience. On average, when a manufacturer has previously produced a lot of cars of a given model, that car model's repair rate is lower, whether that repair rate is measured during the third or sixth year of ownership (Equation 2). So it would seem that increased experience leads to improved product quality, yet (because this equation is in log-log form) in decreasing increments. In other words, as predicted, there is a learning curve for car model repair rates.
H2 and H2-ALT: Learning over Time
This cumulative output-based effect disappears, however, when the year-of-production dummy variables are taken into account. Although cumulative production experience is highly correlated with the passage of time, the regression analysis is able to distinguish between the two. Once we control for the fact that the average car model's repair rate generally improves from year to year during its production life, the extent of a manufacturer's production experience for a particular car model appears to make no difference (Equation 3).
Additional analyses (not shown here) were conducted to see if incorporating the idea that production knowledge can depreciate might make the production output variable a significant independent predictor of repair rates after all. This alternative explanation was tested by replacing cumulative production output with variables corresponding Computed as the log of cumulative production output (lagged by one year). *p Ͻ 0.05 **p Ͻ 0.01 ***p Ͻ 0.001 Computed as the log of cumulative production output (lagged by one year). *p Ͻ 0.05 **p Ͻ 0.01 ***p Ͻ 0.001
to a given car model's (non-cumulative) output from the previous year, from the year before that, from two years before that, etc. At a minimum, to estimate a knowledge depreciation parameter, the coefficients of these variables should be statistically significant and decreasing in magnitude the farther back one goes (Darr et al. 1995) ; in fact, they were neither. Thus, there is no evidence of production knowledge depreciation in this study's data. Taking knowledge depreciation into account, then, does not change the central finding from Equation 3-namely, that the year in a car model's production life, not cumulative production experience up to that point, best predicts a car model's ultimate repair rate (confirming H2-ALT). So far, because the cumulative experience variable is computed using a one-year lag, this study has excluded repair rate data based on a car model's first year in production. Because measures of lagged production output are not statistically significant, however, it now becomes possible to expand this study's sample size to include these data. Doing so adds 39 more observations and seven more car models for repair rates measured during the third year of ownership (Table 4) ; for repair rates measured during the sixth year of ownership, 67 more observations and ten more car models can be added (Table 5) . As before, the year of production is examined using the least restrictive approach of having dummy variables which correspond to the number of years since a car model began its production life (Equation 7). In this case, the reference category for the dummy variables is the first year of a car model's production. The coefficients for Equation 7 in both Tables 4 and 5 seem to indicate a gradual reduction in repair rates for each subsequent year of a car model's production life. When we compare the R 2 figures for Equation 6 versus Equation 7, we see that this learning curve explains an additional 10% of the total variance in repair rates and about one-third of the withincar model variance in Table 4 . In Table 5 , it explains an additional 4% of the total variance and one-sixth of the within-car model variance.
To test for a possible ''ceiling effect'' for these data, each of the time trend dummy variables is interacted (in Equation 8) with the ''ceiling'' dummy variable, de- Equation 7 Equation 8 Equation 9 Equation 10 Equation 11 83 fixed effects signif.*** signif.*** signif.*** signif.*** signif.*** 2nd Year of Production ‫**211.0מ‬ ( (Table 4) , the overall interaction is not significant. Nevertheless, the ceiling effect is statistically significant for one or two individual years (not shown), and omitting the ceiling effect variables seems to distort several of the point estimates; this analysis therefore retains these interaction variables in subsequent analyses. For repair rates measured during the sixth year of ownership (Table 5) , the overall interaction effect is statistically significant (p ‫ס‬ 0.022), so these interaction variables are also included in subsequent analyses. The ''ceiling''-related data points are not dropped altogether, however, because they help identify the coefficients of the fixed effects dummy variables. In sum, although there is some evidence of a ceiling effect, it is important to note that, with or without these potentially biased observations, Equations 7 and 8 both indicate a similar downward trend in repair rates over time. That is, this problem only really affects what our estimate of the learning curve's slope should be, and thus does not alter this study's central findings on evidence of learning. The decline in repair rates for a car model during its production life is plotted for a so-called ''no ceiling effect'' line, i.e., for car models in a given year that did not receive the worst-possible repair rating of five (on a fivepoint scale) for any relevant trouble spot. These plots are based on the coefficients from Equation 8 for repair rates as measured during the third year of ownership (Figure 2 ) and during the sixth year of ownership (Figure 3) . In both graphs, the lines suggest a relatively straight trend. (The fluctuations at the far right of Figure 3 are probably due to a small sample size for car models after the tenth year of production. Note the large corresponding standard errors in Equation 8 of Table 5 ). Because the repair rate Equation 7 Equation 8 Equation 9 Equation 10 Equation 11 88 fixed effects signif.* Table 5 .
model that did not receive the worst-possible repair rating in a given year (i.e., for the ''no ceiling effect'' observations). Specifically, when repair rates are measured during the third year of ownership (Table 4) , every additional year that a car model is produced results in a 3.8% drop in the repair rate measure. When repair rates are measured during the sixth year of ownership (Table 5) , every additional year that a car model is produced results in a 6.2% drop. Thus far, we have assumed that these learning rates are an industrywide phenomenon. To test this assumption, the year of production variable (for the ''no ceiling effect'' observations) is interacted with two dummy variables (Ford and Chrysler, with GM as the reference category) representing the Big Three automakers. The results, shown in Equation 10 of Tables 4 and 5, indicate that these learning rates are essentially the same for all three firms (for Table 4 , F 2,257 ‫ס‬ 1.740, p ‫ס‬ .178; for Table  5 , F 2,339 ‫ס‬ 1.818, p ‫ס‬ .164).
H3: Transfer of Production-Based Knowledge
When lagged cumulative production experience for a car model's platform, division, firm, or industry are added sequentially as predictors in Equations 4 and 5 of Tables 2 and 3 , and in various other combinations not shown here (including each variable on its own), none of the individual variables have statistically significant coefficients. As can often occur, however, the very high correlations among some of the cumulative output measures, as well as the year of production, introduce a great deal of multicollinearity into the data. The result can be erratic parameter and standard error estimates, as seen in These data thus provide no evidence for the transfer of production-based knowledge on product quality, as measured by repair rates (H3). Indeed, taken with the support for H2-ALT, this study finds no benefit to a car model's repair rate from any measure of cumulative production experience, not for the car model itself, its siblings, its cousins, its division, or its firm. Furthermore, additional analyses (not shown here) designed to account for a possible ceiling effect for the production output measures (by interacting these measures, in numerous combinations, with the ''ceiling'' variable) yield similar results.
H4: ''Debut-Year'' Learning
As shown in Equation 11 of Tables 4 and 5, even after controlling for a combination of all companies by market segment, the later a car model begins its production life, the lower its baseline repair rate is, thus confirming H4.
H5: Debut-Year Learning Versus the Learning Curve
According to Equation 11 in Table 4 , the average car model debuts with a baseline repair record (as measured in the third year of ownership) that is 4.3% better than the previous year's debuting car model. In contrast, that previous year's debuting car model improved incrementally only an average of 3.0% during the one intervening year. In other words, an extra year of ''debut-year'' learning (as embedded in a new car model debut) leads to better repair rates than does an extra year of the incremental learning curve during a car model's production life. Thus, on balance, a car model's debut is not a disruptive or even neutral event, but instead gives rise to ''enhanced'' learning (confirming H5). As shown in Figure 4 , the incremental improvements during the learning curve (3.0% per year on average) do add up considerably over the years, but the larger improvements (4.3% per year) made to debuting car models mean that the gap will never be closed. These overall results are statistically significant for repair rates measured during either the third year of ownership (F 1, 327 ‫ס‬ 8.626, p ‫ס‬ 0.004) or the sixth year of ownership (F 1, 414 ‫ס‬ 5.232, p ‫ס‬ 0.023). There is no evidence of a ceiling effect for debut year in Equation 11 in Table 4 , although there is some evidence Table 4 .
for it in Table 5 . Nevertheless, correcting for this possible ceiling effect yields similar results.
Discussion
The findings from this study suggest a number of specific ways in which we may need to rethink our understanding of organizational learning and of learning curves. These new insights, which both expand and refine prior research, deal primarily with the what and when of organizational learning curves. In particular, the evidence suggests three main conclusions: (1) that stable learning curves are not limited to the cost or efficiency domain; (2) that, contrary to prior research in the efficiency domain, some learning curves appear to be more a function of time than a function of cumulative experience; and (3) that improvements to the starting point of some learning curves, when a product is first introduced, are even more important than improvements made during subsequent production. This study presents systematic empirical evidence that, as predicted by H1, there is indeed a learning curve for quality. However, researchers and others may need to be cautious in generalizing efficiency-based findings to other aspects of performance like quality, because the sources and forms of organizational learning, especially the when of learning, can vary depending on the outcome measure chosen. Learning curve researchers may be somewhat surprised by this study's finding that, as predicted by H2-ALT, the main source of quality improvement appears to be the passage of time, and not cumulative production experience. After all, most studies of productivity-related learning have found cumulative experience to be more, not less, important than the passage of time (Argote 1993 , Argote and Epple 1990 , Lieberman 1987 . However, to those familiar with the ''quality movement,'' this finding is consistent with the notion that quality improvement occurs as a result of broad organizational practices that are not directly tied to production experience (Benson et al. 1991 , Shortell et al. 1995 . Moreover, not only are ''off-line'' quality-improvement efforts likely to be a function of time (Schneiderman 1988 , Sterman et al. 1997 , but so too is the design cycle in this industry. The findings here thus also suggest that learning in the area of product reliability may be heavily based on the design group and its annual window of opportunity (Tyre and Orlikowski 1994) to update and improve car models at the end of every summer.
If annual product updates provide organizations with a small window of opportunity to keep moving along the learning curve for quality, then major model changes (or debuts) provide an even larger window of opportunity to begin the learning curve at an improved baseline level by incorporating new knowledge that improves quality. Indeed, as predicted by H4, this study finds that more recently introduced car models have better baseline repair records than do models that debuted earlier. Moreover, as predicted by H5, the learning embedded in later-debuting car models, rather than having a disruptive effect, on balance actually enhances organizational learning. That is, the learning embedded in later-debuting car models (what we might call ''exceptional'' learning) leads to better repair rates at any given point in time than the more incremental organizational learning that typically occurs during a car model's production life (''everyday'' learning). For consumers, this finding suggests that, all else being equal, and contrary to conventional wisdom, the latestdebuting model is likely to be a more reliable product. Wait a year and that debuting car model will likely be better in quality (H1), but not as good on average as that next year's debuting model (see Figure 4) .
Besides these three main findings-that there is a learning curve for quality; that it is a function of time; and that, above all, improvements to the learning curve's starting point are particularly critical-we must now consider the issue of knowledge transfer. The lack of support for H3 suggests that know-how brought in from outsiders does not accumulate as a function of their production experience, but the favorable results for H2-ALT are consistent with the idea that this outside knowledge accumulates with the passage of time. Thus manufacturers probably do share quality-related knowledge across product families, divisions, and firms. For example, the invention of two-sided galvanized steel has helped reduce rust problems in cars (Berry 1986) . What this study's data cannot say, however, is to what extent quality improvements made with the passage of time, whether for a product's debut (H4) or subsequent learning curve (H1), are due to inventions by that product line's design or research engineers; to knowledge transferred from others in the same company (Argote 1993) ; to knowledge ''diffused'' across the industry (Lieberman 1987) ; or to technological breakthroughs occurring in related industries. Indeed, if we think back to the earlier theoretical question of who does the learning-employees, organizational systems, and outside actors (Argote 1993) -then any or all of these may be contributing to the reduction in repair rates over time. That is, it was not possible to trace this kind of knowledge transfer back statistically to any specific source, as H3 attempted to do. Nevertheless, some ''researchers use time as a proxy variable for [knowledge transfer], assuming that the acquisition of knowledge in the general environment would be associated with the passage of time'' (Argote 1993, p. 41) . As a result, we might plausibly interpret the support for H2-ALT (learning as a function of year in production) and for H4 (learning as a function of debut year) as evidence of a kind of generalized knowledge transfer, a technological ''march of progress.'' Thus, in a sense, we do find evidence of knowledge transfer after all.
Conclusion
In sum, the process of learning, in an industrial setting, is more complex than previously thought. First, a learning curve exists not only for efficiency but also for quality. Second, organizational learning in the area of product reliability depends on the passage of time rather than on cumulative production experience. This result is the reverse of what researchers have found for efficiency learning curves. Third, while it is common wisdom not to buy a new car in its first year of production, the opposite advice actually seems to apply. That is, more learning takes place as a result of new product introduction, before the learning curve even begins, than in any year of production. These findings expand the traditional concept of learning, especially our understanding of what gets learned when.
It is worth noting some of the limitations of this study. For example, it may be the case that automobile quality, in general or as measured in this study, is a unique situation. Further study is needed to determine if the timedependent learning curve proposed here can be generalized to other types of organizations, since this study is the first large-scale, industrywide investigation of organizational learning and learning curves in the area of repair rates. In addition, it is possible that a learning curve based on production experience does exist for quality but cannot be detected using only annual data because the curve simply flattens out in the early months after a car model's debut or redesign.
Future research might focus usefully on the why of learning curves. The motivation to learn in the quality domain was strong among North American automakers during this study's time frame due to competitive pressure, but motivation is not a constant. When we focus on variables like cost, we can safely assume that the people in the organization want to learn, especially in for-profit firms. With product reliability, however, as in some other domains like research and development (Levin 1999) , the motivation to learn and improve is not always as strong. This same point also applies to a performance indicator like customer satisfaction, which organizations do not always have a strong economic or strategic incentive to improve. From a conceptual perspective, then, organizational learning theory might benefit from incorporating the insights of ''desire-and-ability'' models of organizational change (Levin and Shortell 1996, Zajac and Kraatz 1993) .
Another fruitful area for future research would be the how of organizational learning curves. By using a more qualitative research methodology of in-depth field studies, this alternative approach would complement the quantitative approach used here to uncover this area's underlying mechanisms, patterns, and routines. Such studies of organizational processes (Levin 1999; Pentland 1992 Pentland , 1995 enable us to probe more deeply inside the ''black box'' of organizational learning. Along similar lines, although the current study used public data pragmatically, it was not possible to detect all of the subtleties (e.g., manufacturing process changes) underlying learning rates within the industry. By gaining access to one or more companies, however, future studies could explore such subtleties in more depth. nonprofit organization. Adapted with permission from issues of Consumer Reports for educational purposes only. No commercial use or photocopying permitted. To subscribe, call 1-800-234-1645 or visit us at Ͻwww.ConsumerReports.orgϾ.
